Context: NRG1 is a schizophrenia candidate gene and plays an important role in brain development and neural function. Schizophrenia is a complex disorder, with etiology likely due to epistasis.
N EUREGULIN 1 (NRG1) IS considered a schizophrenia candidate gene because of its chromosomal position within a linkage peak, direct evidence supporting genetic association with various polymorphisms, [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] and its biological role in brain development and neural function mediated partially via the N-methyl-Daspartate (NMDA)-glutamate pathway. Association has been confirmed at both the 5Ј and 3Ј ends, [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] although null studies have appeared. [13] [14] [15] [16] [17] [18] [19] [20] One meta-analysis 21 of the original risk-associated haplotype first identified in an Icelandic sample (HAP ICE ) revealed a small effect size (odds ratio [OR], 1.22) but strong statistical association (P value = 8.0 ϫ 10 −10 ), and another showed a significant, but weaker, association (P value = .036). 22 However, these meta-analyses do not consider recently published genome-wide association study data that have provided less robust evidence. Although schizophrenia is thought to be a polygenic disorder, few studies of NRG1 epistasis have been conducted. There have been reports of interaction between HAP ICE and its receptor ERBB4. [23] [24] [25] However, none of these interactions were independently validated and recent data suggest that epistasis is likely the product of higher-order (ie, Ͼ2 singlenucleotide polymorphisms [SNPs] ) interactions that these studies were not designed to detect. 26 Author Affiliations are listed at the end of this article.
Machine learning algorithms (MLAs), developed for high-dimensional data, may be a viable approach to detecting higher-order epistasis that avoids some of the obstacles of more traditional statistical approaches. We applied 3 algorithms 27-31 based on classification trees, which simultaneously model both main effects and interactions, to an analysis of selected genes in the NRG1-NMDA network and risk for schizophrenia. An example of the creation of a forest of classification trees is shown in Figure 1 . Essentially, with a case-control outcome, trees use the predictor variables (herein SNPs) to partition the data, creating more homogeneous subsets containing a majority of cases or controls, or the algorithm searches the space of all models to try to find the best-fitting tree. Algorithms are described in more detail in the "Methods" section.
We examined association with schizophrenia and markers in NRG1 and related genes in an ErbB4 signaling pathway and validated functional effects of associated SNP interactions by testing these interactions on brain function in normal subjects carrying risk-associated alleles using functional neuroimaging. We previously demonstrated that putative intermediate phenotypes at the level of brain information processing are robust reflections of biological mechanisms related to potential schizophrenia susceptibility genes. 33 Our primary emphasis was to examine epistasis, focusing on genes with prior evidence for association and conditional on established biological interaction between protein products encoded by each gene. Because power to show higher-order interactions is dependent on sample size and effect size, we restricted this study to a few genes in a specific NRG1-related biological network that has been implicated in schizophrenia. 34 NRG1 is a complex gene with many biological effects. Its role as a potential susceptibility factor in schizophrenia may be related to a number of these functions, but its role in NMDA signaling has been of particular interest. 35, 36 NRG1 pathway partners implicated in NMDA signaling were selected because they either directly interacted with neuregulin 1 (erbB4 37 [gene symbol, ERBB4] and PSD-95 38 [DLG4]) or they interacted directly with genes in the extended ERBB4-NMDA signaling pathway (PSD-95-nNOS1 39 [NOS1], nNOS1-neuronal nitric oxide synthase 40 [NOS1AP], and AKT 34 [AKT1]) (Figure 2 ). Only 1 of the partner genes selected has not shown significant independent evidence for association with schizophrenia in prior studies (DLG4 23, 34, [41] [42] [43] ) but was included because of the central role of PSD-95 in NMDA function and also because of evidence of altered coupling of ErbB4 and DLG4 in the schizophrenic brain. 34 
METHODS

THE CLINICAL BRAIN DISORDERS BRANCH/NATIONAL INSTITUTE OF MENTAL HEALTH SIBLING STUDY
This study was conducted according to the principles expressed in the Declaration of Helsinki and approved by the institutional review board of the National Institute of Mental Health. All patients provided written informed consent for the collection of samples and for genotyping and phenotyping in-
Step 1: Select subsample of cases and controls, set aside additional samples
Step 3:
Create single tree via recursive partitioning on subsample/subset
Step 5:
Repeat steps 1 to 4 to create a forest of trees
Step 2: Select subset of SNPs
Step 4: Run additional (independent) cases and controls through tree to calculate variable importances
Step Figure 1 . Diagram showing random forest algorithm. Before growing a classification tree, steps 1 and 2 are performed, selecting a subset of cases and controls and a subset of single-nucleotide polymorphisms (SNPs) from the full set of observations and predictors. In step 3, while the tree is being grown on the same subset of observations, different subsets of SNPs are selected at each node, allowing SNPs without strong main effects to participate in interactions. The goal of the recursive partitioning is to provide purer (ie, only cases or only controls) daughter nodes. Because this can lead to overfitting of chance fluctuations in the data, the out-of-bag sample, which is independent of the observations used to grow each tree, is used to calculate the measures of variable importance, as shown in step 4, and the decrease in misclassification of cases and controls is calculated. After permuting predictor status in this same out-of-bag set (eg, under H 0 ), these observations are again run through the tree, and the difference in the misclassification rate for the observed vs permuted data is calculated. In step 5, we create a forest of these classification trees by repeating steps 1 to 4 5000 times. Finally, the measures of variable importance are calculated for each SNP by taking the average of the decrease in classification performance calculated in step 4 across all the trees in the forest. formation. Probands met DSM-IV criteria for a broad diagnosis category (n=296). 44 Control individuals (n=365) were ascertained from the National Institutes of Health Normal Volunteer Office and were screened for psychiatric disorders as described elsewhere. 44 Controls and probands were between 18 and 60 years old, without significant medical problems or history of head trauma or recent history of drug and/or alcohol abuse, and had measured IQ (for affected individuals, premorbid IQ) higher than 70. A research psychiatrist screened and interviewed all participants using the Structured Clinical Interview for DSM-IV. All individuals self-identified as white.
THE GERMAN SAMPLE
Individuals with schizophrenia (n = 905) and unrelated controls (n=1323) were ascertained from Munich, Germany, and self-identified as white. The details of ascertainment, screening, and diagnosis are described elsewhere. 45 
GENETIC MARKER SELECTION AND GENOTYPING
We selected 49 markers in NRG1 based on reports of association with schizophrenia in previously published studies [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] or using tagSNPs from phase 1 of the International HapMap Project (http://www.hapmap.org). The SNPs in NOS1AP (n=31), DLG4 (n=14), and NOS1 (n=4) were based on HapMap tagSNPs; SNPs in ERBB4 (n=11) were selected on previously published associated SNPs, 22 likewise for AKT1 SNPs 43 (n=12) and HapMap tagSNPs within the associated region. TagSNPs were selected using 2-marker tagging from Haploview, based on the minimal number of possible SNPs with an r 2 cutoff value of 0.8 and minor allele frequency more than 5%, and extended 10 kilobases 5Ј and 5 kilobases 3Ј of the gene, using the May 2004 build. In both data sets, blood was collected and DNA was extracted using standard methods. Genotypes for all SNPs were obtained using the TaqMan 5Ј exonuclease allelic discrimination assay ( 
STATISTICAL METHODS
Single-Gene Association Analyses
Testing for Hardy-Weinberg equilibrium (HWE) was performed using the Fisher exact test. Unconditional logistic regression was used to test for genotypic association between single SNPs, the R package (http://www.r-project.org/) haplo.stats was used to perform HAP ICE haplotype analyses, and plotting of −log 10 (P values) against an r 2 linkage disequilibrium heat map was performed using the R package snp.plotter and included 296 unrelated cases and 365 unrelated normal controls from the National Institute of Mental Health sample. Reported singlemarker P values were not adjusted for multiple testing.
Complex Epistasis-MLAs
We used 3 MLAs (random forest [RF] , conditional inference forest [CIF] , and Monte Carlo logic regression [MCLR] to assess complex interactions to find consensus across methods. We considered a SNP for follow-up if the median variable importance measure (VIM), a measure of association, was in the top 10% of the distribution of all VIMs using more than 1 algorithm. Missing genotypes were inferred using haplo.stats for individuals who had 80% or greater genotype data (n=415; 220 cases, 195 controls) (eAppendix, eTable, and Supplementary Table 1 ). Because permutationbased VIMs may be slightly unstable, 46, 47 we repeated each analysis 500 times to obtain medians. Further, analyses were performed on 500 null replicates where case status had been randomly permuted to obtain empirical P values. Following MLA analysis, we performed 2-way interaction modeling via logistic regression among the subset of SNPs considered influential by MLAs. Significance of the logistic regression models was obtained using a likelihood ratio test (LRT) comparing nested models, a reduced model containing main effect terms vs a full model containing main effect and interaction terms.
Forest-Based Algorithms
Both RF 27 and CIF 29, 30 rely on multiple classification trees. To begin, a subset of predictors (n=10) is randomly sampled. In addition, a subsample (63.2%) of the observations is selected for tree building. 30 A single tree is created using recursive partitioning of the subset of predictors on the subsampled observations. Random forest terminates when no additional variables produce significant decreases in impurity or when the terminal node size is less than 10 observations; the stopping rule in CIF uses the multiplicity-corrected P value of the 2 test. This process is repeated to create a forest of classification trees (N=5000). The VIMs are calculated using the 36.8% left-aside independent observations; the observed mean decrease in accuracy of prediction of these independent observations per predictor vs that observed when predictor status has been permuted is averaged across all the trees in the forest.
Monte Carlo Logic Regression
Monte Carlo logic regression 31 starts with a single tree, then allows several moves during modeling, which is conducted via an rjMCMC (reversible jump Markov chain Monte Carlo) algorithm to find the best-fitting tree. Because MCLR accepts binary predictors, we recoded each SNP into 2 variables: 1 with the minor allele coded as dominant and 1 as recessive. Monte Carlo logic regression used a burn-in interval of 10 000 and a Markov chain length of 1 million. For consistency with RF/ CIF, the maximum model size was set to 2 trees/4 leaves (8 predictors). The VIM is a count of the number of times a predictor is selected into a tree.
FUNCTIONAL MAGNETIC RESONANCE IMAGING Subjects
Two samples of controls participated in 2 functional magnetic resonance imaging (fMRI) studies designed to explicitly test the effect of NRG1 intragenic epistasis and NRG1/ERBB4/AKT1 epistasis on the physiological blood oxygen level-dependent response in the brain during an N-back working memory task. The 2 imaging samples were largely independent, overlapping to a small extent (28 of 172). Within imaging samples, all SNPs were in HWE. For the NRG1 intragenic epistasis study (rs4560751 and rs3802160), 87 subjects were included (eTable). The subgroups by rs4560751 and rs3802160 (6 cells) did not differ by age, IQ, or 2-back accuracy or reaction time. This allowed for a comparison of the genetic effect on brain physiology per se, ie, how the brain handles the information without confounding by task performance. The genotype groups differed by sex: the subgroup rs4560751 heterozygous (1/2) and rs3802160 homozygous for the minor allele (2/2) (n=4) consisted of males only. Consequently, we added sex as a covariate in the fMRI design to adjust for any potential sex effect. For the NRG1/ERBB4/AKT1 epistasis study (rs10503929, rs1026882, and rs2494734), 114 subjects were included. In this sample, there were no main effects or interactions of these 3 SNPs on age, sex, or IQ or during behavioral performance on task.
Task and Functional Image Processing
During the fMRI acquisition, the participants performed the Nback task as previously described. 48 Whole-brain blood oxygen level-dependent fMRI data were acquired on a GE Signa 3-T scanner (GE Systems, Milwaukee, Wisconsin) with a gradient-echo echoplanar imaging pulse sequence acquisition (24 contiguous axial slices of dimensions 3.75ϫ3.75ϫ6 mm; flip angle, 90°; repetition time, 2000 milliseconds; echo time, 30 milliseconds; field of view, 24 cm; matrix, 64ϫ64 voxels). Images were processed with SPM5 software (http://www.fil.ion.ucl.ac.uk/) with realignment and correction for movement artifacts, spatial normalization in a standard stereotactic space (Montreal Neurological Institute template), and smoothing with a 10-mm full-width half-maximum gaussian filter. First-level images for each subject were created by modeling the 2 experimental conditions (2B and 0B) as boxcars convolved with a canonical hemodynamic response. A contrast image for the 2B greater than 0B contrast was estimated for each subject. These contrast images were used for a second-level random-effect analysis. It was not possible to partition each genotype group across these epistatic analyses based on sex; thus, we included sex as a covariate in all subsequent analyses. Additionally, we and other groups have shown that "risk" alleles generate dorsolateral prefrontal cortex (DLPFC) inefficiency; thus, we used a DLPFC region of interest and 1-sided t tests where this directionality could reasonably be predicted for the interactions, as indicated later (eAppendix).
Second-Level Image Analysis
To study the epistatic effect of rs4560751ϫrs3802160, a full factorial model in SPM5 (2-way analysis of variance) with 2 factors, rs4560751 (2 levels) and rs3802160 (3 levels), was used. Correspondingly, 6 cells were created: rs4560751 (homozygous for the major allele [1/1]) and rs3802160 (1/1; 1/2; and 2/2) and rs4560751 (1/2) and rs3802160 (1/1; 1/2; and 2/2). For rs4560751, there were no minor allele homozygotes in our sample. Since we were specifically interested in the directionality of blood oxygen leveldependent response intensity corresponding to the pattern of inefficiency on the background of risk alleles in the 2 SNPs, we tested this hypothesis by 1-tailed t contrasts. To examine the effect of NRG1 (rs10503929) and ERBB4 (rs1026882) interaction, a 2-way analysis of variance was constructed based on the risk architecture suggested by the clinical association, with individuals carrying homozygous major alleles considered at risk, in contrast to the minor allele carriers of each SNP. Significant brain activation was defined surviving PϽ.05 corrected for number of voxels in this independently selected region of interest. Finally, to examine the 3-SNP interaction of NRG1 and ERBB4 SNPs with AKT1 rs2494734, parameter estimates were extracted from the region of interest peak showing the 2-way NRG1ϫERBB4 effect and conditioned on the AKT1 effect predicted by the clinical association in a 3-way analysis of variance model, with significance set at PϽ.05 in this higher-order analysis. We used a nested analysis of variance design with 3 factors: gene (NRG1, ERBB4, and AKT1), genotype (1/1, 1/2, and 2/2), and risk nested within genotype and gene (1/1=risk genotype for NRG1 and ERBB4 and 1/2-2/2=risk genotype for AKT1; 1/2-2/2=nonrisk genotype for NRG1 and ERBB4 and 1/1=nonrisk genotype for AKT1).
This secondary analysis was conducted in 3 steps: We compared the nonrisk group (no risk genotypes) with each of the groups carrying the risk genotype in only 1 NRG1, ERBB4, or AKT1 gene; the nonrisk group vs groups carrying the risk genotypes in 2 and 3 risk genotypes; and the group with 3 risk genotypes vs all the other subjects collapsed in 1 group. We used 1-tailed t contrasts for these comparisons and we report results surviving a statistical threshold of PϽ.05 corrected within the predefined DLPFC regions of interest according to the principles of gaussian random fields. 49 
RESULTS
SINGLE-GENE ANALYSES
In NRG1, SNP8NRG221132, rs4560751, and rs327417 showed a trend toward deviation from HWE in controls (P value=.043, .036, and .0085, respectively), and in cases, rs3802158, rs3802160, and rs1023911 were out of HWE (P value=.027, .0075, and .046). Although both cases (P value=.018) and controls (P value=.035) showed deviation from HWE for rs1948098, this is likely due to strong association between this SNP and case status, so it was retained. Further, recent studies have shown that although SNPs out of HWE may be less powerful, they do not appear to increase false-positive findings. 50 Figure 3) . Four SNPs in NOS1AP showed evidence for association with schizophrenia (Supplementary Table 1 ) as did AKT1 SNP rs1130233. No significant association was observed in ERBB4, NOS1, or DLG4. None of the markers showed significant association with schizophrenia after correction for multiple testing.
MLA RESULTS
In the first MLA analyses, 7 SNPs had median VIM rankings in the top 10% by all 3 MLAs, including 1 SNP in the HAP ICE region of NRG1 (rs4560751) and 4 SNPs located 3Ј to the HAP ICE region (rs1948098, rs3802160, rs3802158, and rs10503929); 1 SNP in ERBB4 (rs1026882); and 1 SNP in NOS1AP (rs7538490) ( Table 1) . Empirical P values based on 500 null replicates revealed that only rs1026882 in ERBB4 was not significantly associated at the .05 level, although P values estimated using MCLR and RF were suggestive (P values=.094 and .052). Because AKT1 is regulated by the upstream effects of the genes in the first analysis, a secondary analysis was performed adding AKT1, which produced virtually identical results as in Table 1 and also highlighted a SNP in AKT1, rs2494734 (P values=.018 and Ͻ.002 for RF and CIF).
We confirmed epistasis and estimated the effect size of 2-SNP interactions using logistic regression. Of the total 20 interactions performed ( rs4560751/rs3802158) passed Bonferroni correction for 20 tests. In all, interactions were observed between rs4560751 and three 3Ј SNPs in NRG1 and between the NRG1 3Ј nonsynonymous SNP rs10503929 and the ERBB4 SNP rs1026882 ( Table 2) . Because AKT1 is downstream of and regulated by NRG1ϫERRB4 interactions, we specifically tested whether a 3-way interaction between NRG1 SNP rs10503929, ERBB4 rs1026882, and AKT1 rs2494734 was present. In comparison with the reference group (25 controls; 14 cases), who carried no risk genotypes at any of the 3 loci, we found 3.87-fold (95% CI, 1.20-12.44; P value=.023; 6 controls; 13 cases) increased risk for individuals carrying only the risk genotype at AKT1 rs2494734; a 2.38-fold (95% CI, 1.11-5.09; P value=.025; 45 controls; 60 cases) increased risk for those carrying only the risk genotype at NRG1 rs10503929, the same NRG1ϫERBB4 interaction as mentioned earlier (OR, 3.27; 95% CI, 1.37-7.81; P value=.0080; 18 controls; 33 cases); and a 27.13-fold (95% CI, 3.30-223.03; P value=.0020; 5 controls; 17 cases) increased risk for schizophrenia among individuals carrying all 3 risk genotypes vs those carrying no risk genotypes (LRT P value = .042; P value for model=.0082), suggesting the AKT1 interaction may be dependent on the NRG1ϫERBB4 interaction. AKT1 did not statistically interact directly with ERBB4 or NRG1, which is interesting in relation to what is known about its biology. 34 No other genotype combination was statistically different from the reference group. Although cell sizes were all at least 5, the wide CIs indicate imprecision in estimation and warrant cautious interpretation. In the German case-control sample, we observed a marginally significant interaction (LRT P value = .054) between NRG1 SNPs rs4560751 and rs3802158; however, the risk allele at rs3802158 was the opposite of the original sample.
NEUROIMAGING RESULTS
To extend our genetic findings and test their validity at the level of human brain function, we tested whether epistatic effects on risk would show similar effects on aspects of brain function associated with increased risk for illness. In other words, if interactions between specific SNPs in these genes increase risk for schizophrenia, this happens presumably because the interaction increases the expression of biological abnormalities in the brain that also are associated with increasedriskofmanifestillness.Wefocusedthislevelofanalysis on a brain-based intermediate phenotype relevant for schizophrenia and human cognitive function, 48 a pattern of inefficient activation in DLPFC revealed with an fMRI working memory paradigm (the N-back task) in normal subjects carrying risk-associated alleles. The fMRI efficiency response during this task has been shown to be heritable, 51 and increased activation for a fixed level of performance has been associated with increased genetic risk for schizophrenia 48 
SNPs Genotyped
Physical distance: 1151 kilobases LD map type: r 2   rs4513929   31589021  32740009   NRG221132  NRG221533  rs10096573  rs4268090  rs4298458  rs4452759  rs4733263  rs4476964  NRG241930  NRG243177  rs7014762  rs11998176  rs11783236  rs7463426  rs4560751  rs6468060  rs10954811  M478814-848  rs1503486  rs10503888  rs1354335  rs10503889  M420M9-1395   rs701955  rs776368  rs800501  rs327406  rs1023911  rs327417  rs7827456  rs1947734  rs1383961  rs1872799  rs1487143  rs716144  rs1948098  rs970412  rs11993611  rs3802160  rs34445647  rs3802158  rs1071706  rs11780520  rs3808368  rs764059  rs16879773  rs10954867  rs10503929 and with genes implicated as schizophrenia susceptibility genes. 33 We tested 2 specific biological hypotheses from the clinical data on the blood oxygen level-dependent physiological response in DLFPC during the N-back task 48 : epistasis between rs4560751 and rs3802160 within NRG1 (we testedonly1ofthe3NRG1intragenicmodelsbecause3SNPs in the 3Ј end of NRG1 were in linkage disequilibrium) and 2-and 3-SNP epistasis between rs10503929, rs1026882, and rs2494734 (NRG1, ERBB4, and AKT1). For image presentation, a statistical parametric map was overlaid onto the "single-subject T1" canonical image within SPM5 and the image was thresholded at PϽ.05 uncorrected for display purposes only.
EPISTATIC EFFECT OF NRG1 RS4560751/RS3802160 ON DLPFC FUNCTION
Consistent with the epistasis observed in the casecontrol sample, an interaction between rs4560751 and rs3802160 was observed in DLPFC (Brodmann area [BA] 10) (Talairach coordinates x, y, and z: −27, 48, and 20; z score, 3.07; P= .025 familywise error [FWE] corrected) (Figure 4) . Carriers of risk alleles at both genotypes revealed the most inefficient activation. On the background of rs4560751 major allele homozygosity, the mean blood oxygen level-dependent response increased in allele dose-dependent fashion for rs38021160 (1/1Ͻ1/ 2Ͻ2/2) (Figure 4) , while on the nonrisk rs4560751 background, the opposite effect was observed.
EPISTATIC EFFECTS OF NRG1/ERBB4/AKT1
SNPs ON DLPFC FUNCTION
We investigated the combined physiological effects of NRG1, ERBB4, and AKT1. A significant interaction of NRG1 rs10503929 and ERBB4 rs1026882 was observed at the DLPFC, where individuals who were homozygous for risk SNPs in both NRG1 and ERBB4 were disproportionately inefficient in cortical processing (peak Talairach coordinates x, y, and z: 42, 39, and 33; F 1,110 =11.308; z=3.20; PϽ.001 uncorrected; PϽ.05 FWE corrected) ( Figure 5 ). To explicitly test the prediction that conditioning on the AKT1 SNP would further impact the risk architecture of the NRG1 and ERBB4 SNPs on DLPFC function, as suggested by the 3-way clinical interaction, we performed a 3-way analysis of variance on extracted parameter estimates from this same peak, which showed that the NRG1/ERBB4 epistasis was accentuated in the background of homozygous AKT1 risk alleles. Individuals who carried all 3 NRG1/ERBB4/AKT1 risk genotypes were disproportionately inefficient in DLPFC function at this location (F 1,106 =4.663; P=.033) (Figure 6) . A subsequent analysis first compared DLPFC function in groups carrying 1 risk genotype at any of the 3 genes with the nonrisk genotype carriers in all genes; none showed significant DLPFC inefficiency. We then compared groups carrying risk genotypes at NRG1/AKT1 and ERBB4/AKT1 and all3riskgenotypeswiththenonriskgenotypecarriers.While none of the groups with 2 risk genotypes significantly differed from the nonrisk group, the carriers of risk genotypes in all 3 genes (n=4) combined demonstrated significantly greater activation compared with nonrisk carriers (n=17) in the right middle frontal gyrus (BA 46; Talairach coordinates x, y, and z: 45, 39, and 26; z score=3.19; P=.019 FWE corrected) ( Figure 6A ). The group with all 3 risk genotypes was also more inefficient compared with the group with 2 risk genotypes in NRG1 and AKT1 (BA 9; Talairach coordinates x, y, and z: 45, 38, and 28; z score=4.53; P=.00002FWEcorrected;n=12),thegroupwith2riskgeno-types in ERBB4 and AKT1 (BA 46, Talairach coordinates x, y, and z: 45, 39, and 26; z score=3.01; P=.03 FWE corrected; n=3), and all other subjects at the right DLPFC (BA 9; Talairach coordinates x, y, and z: 42, 39, and 31; z score=3.23; P=.015 FWE corrected; n=95) ( Figure 6B ). These findings support the clinical results that showed association with case status for the risk carriers in all the 3 genes but not for the risk carriers in NRG1/AKT1 or ERBB4/ AKT1. A post hoc statistical analysis of this contrast (carriers of all 3 risk genotypes vs those carrying any other combination) in the schizophrenia case-control sample revealed a3.04-foldincreaseinrisk(95%CI,1.09-8.45;Pvalue=.033) for those carrying all 3 risk-associated genotypes. Thus, each of the SNP interactions observed in the clinical data sets impacting risk for schizophrenia showed consistent effects on cortical function in an independent sample of normal individuals carrying combinations of the same SNP genotypes.
CONFIRMATORY ANALYSES IN PUBLIC GENOME-WIDE ASSOCIATION DATASETS
We searched a schizophrenia genome-wide association study data set (GAIN) (http://www.ncbi.nlm.nih.gov /projects/gap/cgi-bin/study.cgi?study_id=phs000021 .v2.p1) 52 and the data set described by Need et al 45 for replication of epistasis. The GAIN data set consists of 1172 cases with schizophrenia or schizoaffective disorder and 1378 controls and was genotyped on the Affymetrix 6.0 platform (Affymetrix, Santa Clara, California). The Need et al 45 data set comprised 2 separately collected data sets: 1 using the Illumina HumanHap300 chip (Illumina, San Diego, California) from Germany (630 cases, 547 controls) and 1 using the Illumina HumanHap550 chip from Aberdeen, Scotland (669 cases, 597 controls); cases in both studies had to qualify for diagnosis of schizophrenia under both DSM-IV and International Statistical Classification of Diseases, 10th Revision. None of our VIM SNPs from MLA analyses were genotyped in the GAIN sample. Imputation of these SNPs in GAIN could not be performed because only 1 SNP participating in epistasis was found in HapMap. Therefore, we tested the closest flanking SNPs in the GAIN sample, assuming these would be among the most likely to show linkage disequilibrium with our SNPs or with an unknown causal variant. Using the GAIN data and flanking SNPs for our 5Ј and 3Ј epistasis SNPs within NRG1 (a total of 6 SNPs, after performing 8 possible 2-SNP interaction tests), we observed 2 interactions with LRT P values less than .05 (rs7812662ϫrs7830691 [.024] and rs10098401 ϫrs17631978 [.042]), uncorrected, and 2 interaction models with suggestive evidence for interaction (P values Ͻ .10: rs7812662 ϫ rs6468119 [.079] and rs7812662ϫrs17631978 [.094]); none of the 6 SNPs were individually associated (P values Ͼ.10). The expected number of tests showing P values less than .05 for 8 independent tests is 0.4 and the number expected to show P values less than .10 is 0.8; we observed 2 and 4, respectively. Thus, in 4 independent samples reported (the present study, German, and GAIN samples and the sample reported in Benzel et al 25 ), modest evidence for epistasis between SNPs in the 5Ј and 3Ј regions of NRG1 has been observed (eAppendix, eTable, and Supplementary Table 1 ). Because of low minor allele frequency at the closest flanking ERBB4 SNPs in this data set, we were unable to test the 2-and 3-way interaction between NRG1, ERBB4, and AKT1 (eAppendix, eTable, and Supplementary Table 1 ).
In the data described by Need et al, 45 consisting of an independent sample from Aberdeen and an overlapping sample from Germany to our German samples, the NRG1 and ERBB4 SNPs participating in the 3-way interaction were genotyped; however, additional SNPs were not and, as earlier, were not genotyped in HapMap. The SNPs genotyped in the Need et al 45 data overlapped with SNPs genotyped in our data; thus, proxies were selected using link- age disequilibrium from our control sample for the intragenic NRG1-interacting SNPs and the AKT1 SNP. While there were trends for association with schizophrenia at 4 of the 5 single SNPs tested, we did not replicate our interactions in this pooled data set because of allelic heterogeneity of the SNPs selected and very modest linkage disequilibrium between the SNPs selected as proxies and our SNPs (eAppendix, eTable, and Supplementary Table 1 ). However, in the separate data sets, individuals carrying all 3 risk genotypes (using the Aberdeen coding of risk genotypes at ERBB4) did show marginally increased risk for schizophrenia (OR, 1.60; 95% CI, 0.98-2.61; P value = .062) vs those carrying no risk genotypes in the German sample; the same pattern of results was found in the Aberdeen sample (LRT P value=.076), with individuals carrying all 3 risk genotypes showing increased risk (OR, 1.91; 95% CI, 0.98-3.69; P value=.056). The NRG1 5Ј and 3Ј interaction was not replicated in the Aberdeen sample, possibly because of the low linkage disequilibrium between the proxy SNPs and our epistasis SNPs (r 2 = 0.13 and 0.30).
COMMENT
Epistasis between SNPs within NRG1 and between NRG1 and selected protein interaction partners influenced risk for schizophrenia, which we biologically validated using fMRI in healthy controls (Figure 7) . Individuals carrying the same combinations of schizophrenia risk genotypes showed significantly less efficient cognitive processing, similar to findings in patients with schizophrenia and in their healthy siblings. A 3-way interaction between a nonsynonymous SNP in NRG1 and SNPs in ERBB4 and AKT1 was associated with substantial increased risk for schizophrenia and inefficient physiological processing of working memory in normal subjects. Markers in NRG1 showing epistasis were found at the 5Ј and 3Ј ends of the gene in regions that have been individually associated in earlier studies, [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] and we also observed interaction between 1 marker in the 5Ј end and 3 markers at the 3Ј end confirming previous reports. 24, 25 The SNPs in AKT1/ERBB4 interacted with the nonsynonymous NRG1 SNP Thr286/289/294Met (rs10503929), which has been reported to be marginally associated with schizophrenia, 8, 19 and a recent meta-analysis of this SNP showed statistically significant association. 53 Epistatic interactions were stronger than single-SNP effects and in some cases occurred between SNPs not showing main effects, a classic characteristic of epistasis described in other genetic contexts. 54 The MLA P values were generated using experimentwise permutation testing and neuroimaging analyses used conservative FWE correction. 55 However, we have performed a number of statistical tests, and we report uncorrected P values for analyses using unconditional logistic regression. We recognize that few of our P values for these regression models would survive naive correction for all tests. Nevertheless, we have identified evidence within the GAIN data set of interactions with 5Ј and 3Ј SNPs in NRG1. Higher-order interactions were not testable in this data set and replication in another sample was complicated by allelic heterogeneity. Also, 4 of 5 SNPs in this latter sample showed single-SNP-level association in 1 or both of the data sets.
We have taken an alternative strategy to validate our statistical associations by hypothesis testing predetermined interactions at the level of brain function, arguing that for interactions of SNPs to exaggerate clinical risk, they should exaggerate the biological underpinnings of risk. 56 Schizophrenia is associated with abnormal frontal lobe function, which has been extensively documented, 57 and qualitatively similar abnormalities are found in healthy family members of patients with schizophrenia, implicating frontal cortex functional abnormalities as intermediate biological phenotypes related to genetic risk for schizophrenia. 56, 57 We used a measure of frontal lobe physiological function-the efficiency of prefrontal cortical engagement during working memory-as an intermediate phenotype to biologically validate statistical associations with clinical illness. Our f MRI results establish brain-functional interactions between the SNPs tested, implicating a neural systems mechanism for the clinical epistasis.
Schizophrenia is highly heritable, but thus far many genome-wide association studies have not been "successful" in the sense of finding genome-wide significant results that are replicated in independent studies. However, nearly all of these studies have focused on the analysis of single SNPs, which seem to fall short of explaining the heritability, with the exception of a recent study that proposed a polygenic model of schizophrenia. 58 Genetic variation exists within a biological context and this con- text is likely epistatic and/or polygenic. Studies that look for individual variant effects may be compromised in finding association without taking these contextual issues into account. Future studies will determine whether the epistatic and/or polygenic model is the rule, rather than the exception. We believe our approach of independent biological validation provides strong support that this is fertile territory for further research related to genetic risk for schizophrenia.
In conclusion, we report evidence for statistical epistasis between SNPs in the 3Ј end of NRG1 with 5Ј NRG1 SNPs, between NRG1 and ERBB4, and a 3-way interaction between a functional SNP in NRG1 with ERBB4 and AKT1. The 3Ј end of NRG1 is exon rich, providing biological support for 5Ј promoter ϫ 3Ј interactions observed in the present study and by Benzel et al, 25 and may play a role in increasing risk for schizophrenia. The NRG1ϫERBB4ϫAKT1 interaction is consistent with the work of Hahn et al, 34 showing AKT1 function is modulated by NRG1ϫ ERBB4 interactions. We have validated each of these genetic interactions in terms of functional influence on cognitive processing in the prefrontal cortex of healthy controls.
